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Biomedical Informatics

» Bioinformatics
« Computational Biology

* Clinical Informatics
clinical  Clinical Research Informatics
« Consumer Health Informatics
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American Medical Informatics Association (AMIA)



Golden Era of Biomedical Informatics

Moore and Holmes, BioData Mining (2016)

Why?
* Big data

High-performance computing

Talented trainees

Government recognition

Industry recognition

Patient recognition

University investment



Golden Era of Biomedical Informatics
What next?

 Artificial intelligence

Biomedical devices
« Data integration

« Data science

e Informatician scientists

Machine Learning

No-boundary thinking

Visual analytics
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Data Science Pipeline




http://www.kdnuggets.com/



Data Integration

Relational Database Graph Database

Michael Hunger — Neo4j



Feature Selection

Feature Selection
Methods
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Feature Construction
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Machine Learning

Nearest Neighbors Linear SVM RBF SVM

RBF SVM
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Statistical and Biological Interpretation
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Biological Validation

A gRNA directs Cas9 nuclease activity

Cas9 protein
gRNA guide + 1
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C Test mutagenesis
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Melt curve

Difference
curve

Talbot, Zebrafish (2014)
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Clinical Application

Personalized Cancer Therapy
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Prognostic Markers

Markers predictive of drug ..
sensitivity/resistance

Markers predictive of
adverse events

M.D. Anderson




Can the data science pipeline
construction process be automated?



Automated Machine Learning (AutoML)




Tree-Based Pipeline Optimization Tool (TPOT)

Towards Automated Data Science
https://github.com/epistasislab/tpot/

Dr. Randal Olson (postdoc)
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Tree-Based Pipeline Optimization Tool (TPOT)

1) ML code base
2) Pipeline representation
3) Optimization algorithm

4) Overfitting control
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ML code base




Installation

Classification

Identifying to which category an object
belongs to.
Applications: Spam detection, Image

recognition.
Algorithms: SVM, nearest neighbors,

random forest, ... — Examples

Dimensionality reduction

Reducing the number of random variables to
consider.
Applications: Visualization, Increased

efficiency
Algorithms: PCA, feature selection, non-

negative matrix factorization. — Examples

Documentation

http://scikit-learn.org/

scikit-learn

Machine Learning in Python

Regression

Predicting a continuous-valued attribute
associated with an object.
Applications: Drug response, Stock prices.

Algorithms: SVR, ridge regression, Lasso, ...
— Examples

Model selection

Comparing, validating and choosing
parameters and models.
Goal: Improved accuracy via parameter

tuning
Modules: grid search, cross validation,

metrics. — Examples

Clustering

Automatic grouping of similar objects into
sets.

Applications: Customer segmentation,
Grouping experiment outcomes

Algorithms: k-Means, spectral clustering,
mean-shift, ... — Examples

Preprocessing

Feature extraction and normalization.

Application: Transforming input data such as
text for use with machine learning algorithms.

Modules: preprocessing, feature extraction.
— Examples




Building Blocks of a Pipeline

Feature Selection Feature Processing Feature Construction

Variance Normalization

Univariate Encoding SVD

Factor

Recursive Polynomial

Importance Scaling ICA




Building Blocks of a Pipeline
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Example Data Science Pipeline

Importance Polynomial

U
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Pipeline representation
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Pipeline optimization
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Pipeline overfitting
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Error

Pareto Optimization

Complexity
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Simulation Example



Number of records in data set
400 800
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Bladder Cancer Example
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Application to Bladder Cancer

Andrew et al., Carcinogenesis (2006, 2008)
334 bladder cancer cases
580 controls

From the state of NH

Polymorphisms in DNA repair enzyme genes
— XPD

— APE

— XPC

— XRCC1

— XRCC3

Pack-years of smoking, age, gender

Moore
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Training Accuracy 0.66
Testing Accuracy 0.64
OR =3 (95% CI 2.0-3.4)
P <0.001
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TPOT Building Blocks

Feature Construction

Feature Selection Feature Processing

PCA

Variance Normalization

SVD

Univariate Encoding

Factor

Recursive Polynomial

ICA

Importance

Scaling




XPD.312

XPD.751 pack.yrs

age > 50

Testing Accuracy 0.64
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Scaling for big data




An expert knowledge feature selector

Knowledge Subset Size

ReliefF
SURF

SURF*

MultiSURF




An

expert knowledge feature selector
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Sohn et al., LNCS (2017)



Automated Machine Learning (AutoML)




TPOT: The Data Science Assistant




Data Science should be
accessible and easy




@® automlinfo

AutoML

Home AutoML PennAl TPOT About Us

Information about Automated Machine Learning (AutoML)

The purpose of this site is to provide general information about the hot new field of automated machine learning (AutoML) and to
provide links to our own PennAl accessible artificial intelligence system and Tree-Based Pipeline Optimization Tool (TPOT) algorithm
and software for AutoML using Python and the scikit-learn machine learning library. We also provide links to some other commonly
used AutoML methods and software.

The goal of AutoML is to make machine learning more accessible by automatically generating a data analysis pipeline that can include
data pre-processing, feature selection, and feature engineering methods along with machine learning methods and parameter settings
that are optimized for your data. Each of these steps can be time-consuming for the machine learning expert and can be debilitating
for the novice. These methods enable data science using machine learning thus making this powerful technology more widely
accessible for those hoping to make use of big data.

Below is an example of a hypothetical machine learning pipeline that could be discovered using a method such as TPOT. Here, the data
are analyzed using a random forest (RF) with feature selection performed using the importance scores. The selected features then
undergo a polynomial transformation before being analyzed using k nearest neighbors (kNN). The predictions made by kNN are then
treated as a new engineered feature and passed to a decision tree (DT). In parallel, the data are also engineered using principal
components analysis (PCA). The principal components are then passed as new features to a support vector machine (SVM) whose
output is passed as an engineered feature to the DT with the other engineered feature. The DT then makes a final prediction. Each of
the methods in this pipeline are included in the scikit-learn library.

[ Importance




Penn Institute for
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Penn IBIl Idea Factory

Connecting Researchers with Ideas
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